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Abstract

Content-based@mageretrieval (CBIR) hasbeenan active researchareain the lasttenyears,anda
varietyof techniquefhave beendeveloped.However, retrieving imageson thebasisof low-level features
hasprovenunsatisactory andnew techniqueareneededo supporthigh-level queries Researclefforts
are neededo bridge the gap betweenhigh-level semanticsand low-level features. In this paper we
presenta novel approacho supportingsemantics-baseichageretrieval. Our approachs basedon the
monotonictree, a derivation of the contourtree for usewith discretedata. The structuralelementsof
animageare modeledas branchegor subtreespf the monotonictree. Thesestructuralelementsare
classifiedandclusteredon the basisof suchpropertiesas color, spatiallocation, harshnesandshape.
Eachclustercorrespondso somesemantideature. This schemas appliedto the analysisandretrieval
of scenenimages.Comparison®f experimentalresultsof this approachwith corventionaltechniques
usinglow-level featuresdemonstraté¢he effectivenesf our approach.

Keywords: Content-basetageretrieval, imagefeatureextraction,annotationsemanticsetrieval, mono-
tonictree

1 Introduction

With theenormougrowth of imagedatabaseghereis anurgentneedto build efficientandeffective image
retrieval systemsContent-basetageretrieval (CBIR) offersa promisingtechnologyto addresshis need,
anda variety of CBIR technigueshave beendeveloped. In particular content-base@mageretrieval using
low-level featuressuchascolor[43, 38, 27], texture [22, 37, 36, 42, 21], shapd44, 23, 13, 24, 25,14, 10,
16, 48, 49, 35, 45, 34] andothers[29, 39, 2, 15, 7] hasbeenwell studied.Variousimage-queryingystems,
including QBIC [11], VisualSeel38], PhotoBook28], Netra[19], andVirage[5], have beenbuilt, using
low-level featuredor generalbor specificimage-retrigal tasks.

However, retrieving imagesvia low-level featureshasprovento beunsatisfctory Effective andprecise
imageretrieval by semanticsstill remainsan openproblembecausef the extremedifficulty of fully char
acterizingimages. Theoriesandapproachesor queryingandbrowsing imagesbasedon imagesemantics
becomancreasinglycritical asweb-basednformationretrieval grows in popularity In recognizingthe ex-
isting problemsin the CBIR field, we believe thatresearctefforts areneededo bridgethe gapbetweerthe

high-level semanticof interestto usersandthe low-level featuresvhich canbe efficiently extracted.



J.R Eakins[9] classifiedimagefeaturesnto threelevels, rangingfrom the highly concreteto the very
abstractFor our purposewe classifyimagefeaturesn threelevels,asfollows:

e Primitive level: Primitive featuresinclude color, texture, shape,and the spatiallocation of image
elements.

e Local semantic level: Local semantideaturesdescribehe presencef individual objectsin images.
Two examplesof querieshy local semantideaturesare“find pictureswith abridge” (objectof agiven
type)and“find pictureswith sky andtrees”(combinationof objects).

e Thematic level (or global semantic level): Thematicfeaturesdescribethe global meaningsor topics
of images. Two examplesof queriesat this level are“find picturesof a Chinesegarden”and*“find
picturesof anearthqua&” Thethematicfeaturesof animagearebasedon all objectsin theimage
alongwith their spatialrelationshipsHigh-level reasonings neededo derive the global meaningof
all objectsin thesceneandto determinethetopic of theimage.

Mostexisting CBIR systemsarebasedn primitive featureq11, 28, 38, 19]. Althoughsomeapproaches
[12, 46, 4] have beenproposedor imageretrieval by semantideaturesthereis currentlyno CBIR system
which works effectively with semantideatures.The difficulty of detectionandrecognitionof generalob-
jectspresentsasignificantchallengeo thedevelopmenbf a CBIR systemwhich canextractgeneraseman-
tic featuredfrom images.However, techniguesanbe successfullyappliedto the simplerrealmof specific
domains.

In this paper we focus on sceneryimages,a populartestbedfor semanticsextraction. For several
reasonsscenernjimagesareeasierto analyzethangeneralimages.First, sceneryimagescontaina limited
rangeof objecttypes.Commonscenerobjecttypesincludesky, tree,building, mountain Jawn, water and
snav. Secondshapefeatureswhich aredifficult to characterizeand match,arelessimportantthanother
low-level featuresin analyzingsceneryimages. Finally, sceneryimagesoften fall into a small numberof
typical patternssuchasthoseshavn in Figurel. Thesedypical patterngreatlysimplify scendnterpretation
for scenenjimages.
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Mountain

Mountain

Trees Water

Ground

Figurel: Somestylesof scenernjimages.

In this paper we will presenta novel approachto supportingsemantics-baseiinageretrieval. This
approachs basedon the conceptof the monotonictree[40], a derivation of the contourtreefor usewith
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discretedata. The structuralelementsf animagearemodeledasbrancheg or subtreespf the monotonic
treeof theimage. Thesestructuralelementsare classifiedand clusteredon the basisof suchpropertiesas
color, spatiallocation,harshnessandshape Eachclustercorrespond$o somesemantideature.Following
thesesteps,imagescan be automaticallyannotatedvith cateyory keywords,including sky, building, tree,
wave, lawn, water snav, and ground, thus facilitating high-level (semantics-basediage queryingand
browsing.

A scenery-queryingystemermedSceneryAnalyzer, hasbeenbuilt to demonstratéhe effectivenesof
thisapproachSceneryAnalyzehandlessix typesof scenernyfeaturessky, building, tree,waterwave, placid
water andground. Thevisual propertiesof waterwave andplacidwaterarestructurallydifferent,andthey
arethereforetreatedasseparataypes. The groundfeaturein imagescanbe further split into snaw, lawn,
andothersubtypes.

Theproces®f generatinghesemantickeywordswhich supporthigh-level sceneryqueryingis shavnin
Figure2. Featureextractionis the centralanduniquecomponenbdf this system.The extractionof features
is accomplishedff-line; eachimageis processedo extract semanticfeatures which arethenstoredin a
featurevector Thesesemantideaturesareautomaticallyannotatedntoa gray copy of the originalimage.
All featurevectorsarestoredin afeaturebase.

ﬁ Feature Extraction

9’ Monotonic Tree ‘

Set of Structural Elements ‘
Il

]

‘ Clusters of Structural Elements ‘

]

‘ Semantic Regions ‘

Figure2: SceneryAnalyzer architecture.

The body of this paperwill be devotedto a presentatiorof the detailsof the approachto semantic



featureextraction,including experimentalresults. Section2 introduceshe conceptof the monotonictree.
In Section3, techniquedor extractingsemantideaturesaredescribed.Section4 presentasestudiesof

sceneryfeatureswhile Section5 offers a performancesvaluationof the proposedapproach.A summary
andconcludingremarksappeain Section6.

2 Monotonictree
2.1 Introduction to the monotonic tree

Contourtrees[26, 33, 47] have beenusedin geographidnformationsystemgGIS) andmedicalimagingto

displayscalardata. For example,elevationin the landscapeanbe modeledby scalardataover the plane,
whereacontour(alsocalledanisoline)is aline alongwhichtheelevationfunctionassumeaconstanvalue.
Contoursaredefinedonly for continuougunctions.For animagerepresentetly discretedata,a continuous
functionis first definedthroughinterpolationof thedata. The contourtreeis thendefinedon this continuous
function.

In [40], we introduceda nen concept,the monotonic line, which is defineddirectly on discretedata.
An outward-falling/climbing monotonic line for a gray imageis a boundarywithin the image which is
characterizedby higher/laver pixel valuesjustinsidethe boundarythanjust outside.All monotonidinesin
animageform arootedtree,calledamonotonic tree. A maximalsequencef uniquely-enclosingnonotonic
linesis calleda monaotonic slope. All monotonicslopesin animageform atopological monotonic tree. A
monotonicslopeis called outward-falling/climbing if all its monotoniclines are outward-falling/climbing.
Figure 3 illustratestheseconcepts.For a color image,the monotonictree andtopologicalmonotonictree

areconstructeanits graycopy.

2.2 Reduced monotonic tree

Theprocespresentedh this paperemploys areduced monotonic tree, ratherthanthetopologicalmonotonic
tree, becausehe reducedmonotonictree canbe constructedecursvely. In the monotonictree of a gray

image,the leaf nodescorrespondo the boundarief the local maximum/minimunregionsin theimage.

Startingfrom the leaf nodesin the monotonictree,we find the monotonicslopeswhich containtheseleaf

nodes. Thesemonotonicslopesarethe leaf nodesin the topologicalmonotonictree,which arecalledthe

slopes at level one. By removing thesemonotonicslopes,we producea smoothedgray image. We then

apply the sameprocesgo the smoothedmageto generatehe slopes at level two. The procesds repeated
recursvely to producea hierarchyof slopes.Togethertheseslopesform a reduced monotonic tree.!

1The parent-childrelationin the reducedmonotonictreeis definedin a similar mannerto thatfor the topologicalmonotonic
tree.



x = T T aQ

(c) (d)

Figure3: (a) An outward-falling monotonicline (the solid line in the figure), (b) a setof monotoniclines,
(c) themonotonictree,and(d) thetopologicalmonotonictree.

Figures4, 5, andé illustrateanalgorithmfor the generatiorof areducednonotonictree. Thealgorithm

consistof thefollowing steps:

(1) Transfertheimageto a hexagonalgrid® (asshavn in Figure4). Denotetheimageon the hexagonal
gridasI = (f,Q), where( is thedomainof theimageand f is afunctionfrom Q to R. Let fg be
the extendedfunctionof f to thewhole plane,whichis equalto f on 2, andassumes-oc outof 2.

(2) Find simply-connectedegions’ where fz assumesocal minimumor maximumvalues,asshavn in
Figure5(a).

(3) For eachlocal minimum/maximumsimply-connectedegion X, find theslopeincludingd X ,* where
a slopeis a sequenc®f monotoniclines with eachline uniquelyanddirectly enclosingthe next, as
shavn in Figure5(b). The procedurdor finding the slopeincludingdX is asfollows:

(a) letY = X andS = {9Y };
(b) if Y =, outputS andstop;
(c) if 8Y is outward-falling/climbing, letv bethehighest/lavestvalueassumedy pixels® adjacent

toY;
(d) let {Z;}} ; bethe setof connectedegionssuchthat (i) eachZ; is adjacento Y, and(ii) fx

assumesheconstanvaluev overeachZ;. Let Z = |J;"_; Z;;
(e) if (Y U Z) is notamonotonicline, outputS andstop;
() letY =Y [JZ andS = S|J{9Y }; goto step(b).
2Qur theoreticadefinition of monotonictreeis basedn a hexagonalgrid.
A simply-connectedegion is a connectedregion whoseboundaryis alsoconnected.A finite connectedegion is simply-
connectedff it hasno hole.

49X istheboundaryof X.
®Here,by “a pixel assumesaluev” we meanthat fz assumes over this pixel.




All theseslopesarenodesof thereducedree,asshavn in Figure6(a).

(4) If only oneslopeis foundin step(3) andit coversthe whole image, stop. Otherwise,smooththe
imageby removing all the slopesfound in step(3). Let {X;}" , bethe setof regions coveredby
thoseslopesyespectiely. For eachX;, let v; bethe highest/levestvalueassumedby pixelsadjacent
to X; if 8X; is outward-falling/climbing. Thesmoothedmageis afunction f : 2 — R suchthat:

T if z € X; for somei;
fle) = { f(z) otherwise.

Figure6(b) shavs the smoothedmagefor ourexample.Let f = f andgoto step(2).

2/2/2 2|/5/5[5/5/2|2|2|2|2
212|2|5/7/7/7|5/5/2/2/2|2
2/2|5/7/8/8/7/5/5/5/5/52
2/5/7/8/9/8/7/5/3|3/3/5/2
2/5/7/8/8 75322352
2|5/7/7/7/5[3/2/2|3/4/5|2
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4/7/2/4/5(5/5/5/5/4/2/2/2
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Figure4: (a) A grayimagewith a squaregrid (eachinteger represents pixel valuein theimage),(b) the
grayimagetransferedo a hexagonalgrid.

Figure5: (a) Simply-connectedegionswherefunction fr assumesocal minimum/maximurnvalues,(b) a
slopewith respecto alocal maximumregion (theredlinesarethe monotoniclinesin the slope).

After the reducedmonotonictreeis generatedit's translatedoackto a squaregrid. For the example
imagegiven in Figure 7 (a), its reducedmonotonictree is representedy its elements(nodes)at levels
from 1 to 7, which arevisually representeth Figure7 (b)-(h), respectiely. In thesepictures,anoutward-
falling/climbing monotonicslopeis shavn by the white/blackareawhich is enclosedby this slope. The
blankareais shavn in gray Theroot nodeof the reducednonotonictreeof this exampleis atlevel 8. The
root nodecoversthewholeimage.
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Figure6: (a) All slopeswith respecto local minimum/maximunregions,(b) the smoothedmage.

Comparedwith otherhierarchicalor multiscalemodels,suchaswavelet[20, 41], scalespacd18], and
peaks& ridges[6], themonotonictreemodelhasthefollowing advantages:

(1) Themonotonictreeretrievesandrepresentshe structureof animageatall scalesIn addition,these
structuresareorganizedhierarchicallyasatree,allowing easieranalysisof therelationshipdetween
differentlevels.

(2) Themonotonictreeretrievesthe structureof animagedirectly andmaintainstheir original shapes.

(3) Imagestructuresareclassifiedby their low-level featuresthenorganizednto clusters.Semantidea-
turesaredrawn from thefeatureof theclusters.Themonotonictreeprovidesavehiclefor combining

primitive featurego characterizendcapturesemantideatures.

3 Extraction of semantic features

The featureextractionschemeusedhereis basedon the reducedmonotonictree. We usethe brancheof
thereducednonotonictreeto modelthe basicstructuresn animage,which aretermedstructural elements.
Structuralelementshave low-level featuressuchascolor, shapeandspatiallocation. They areclusteredo
form high-level features.

Featurextractionconsistsof threeconsecutie steps:

(a) classifyingstructuralelements;
(b) clusteringstructuralelementsand

(c) renderingsemantiaegions.

Figure8 shavs therelationshipsamongthe stepsgivenabove.

Thefeaturesof a givenimageareextractedandstoredin a featurevector A featurevectoris anarray
which recordsthe qualifying scoredor all semantideatures.The qualifying scoreof animagewith respect
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Figure7: An exampleof reducednonotonictree.
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Figure8: Systemdesignfor featureextraction.

to a featureindicatesthe degreethat the imagecanbe consideredo have this feature. Figure9 illustrates
thedatastructureof afeaturevector

Ground

- Placid \ \ ‘
Features Sky Building Tree Wave water Lawn Show Other

Qualifying Scores| | | | | | | | |

Figure9: Datastructureof featurevector

3.1 Classifying structural elements

Eachbranch(or subtreepf areducednonotonidreeis calledastructural element if theimageareait covers
doesnt exceedan areathreshold. A structuralelementis consideredoositive/negative if its root (i.e., the
root of the subtree)is outward-falling/climbing, asshavn in Figure10(a). Positve/naative elementsare
like peaks/alleys. Thealtitude of a positive/nagyative elementis definedastheabsolutevalueof theaverage
altitudeof all its pixelsabove/blon the highest/lovestpixels adjacento the structuralelementasshavn in
Figure 10(b). The harshness of a structuralelementis determineddy the number area,andaltitude of its
sub-element8 We definethe harshnessf anelement by

ZJbeSubElememﬁSet(t) Altitude (b) * Area (b)
Areaf(t) ’

Harshness(t) =

whereSubElementSet(t) is the setof sub-elementsf ¢, Altitude(b) is thealtitudeof b, and Area(b) is
theareaof theregion coveredby b.

A structuralelementcanbeclassifiedby its:

8An elements a branchof thereducedmonotonictree. All sub-branchesf this brancharesub-elements.
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Figure10: (a) Positve/ngative structuralelements(b) the altitudeof a pixel in a structuralelement.

(1) color (theaveragecolor of all pixelsin this element);
(2) altitude;

(3) harshnessand

(4) shapegtheshapeof its coveredregion).

For example,we canclassifythe structuralelementdy shapeas:

(a) bars;

(b) polygons;

(c) irregularelements;

(d) boundary-smootklementsand

(e) othershapes.

A barelementis characterizedy its highlength-to-widthratio, while apolygonalelemenis a structural
elementwhoseboundaryconsistsmainly of line sgments. A smooth-boundarglementhasa boundary
which forms a smoothcurwe. Irregular elementsare thosewith irregular boundaries. Figure 11 shavs
differenttypesof structuralelements.

Thesemantideatureof scenerymagesarecharacterizetyy catayoriesof structuralkelementsvhichare
clusteredn theimages.Threeexamplesof the cateyoriesarepolygonalelementgfor buildings),horizontal
barelementqfor waves),andgreenharshirregularelementgfor trees),asshavn in Figuresl2 and13.

3.2 Clustering structural elements

Oncethe structuralelementof animagehave beenclassified algorithmsareappliedto identify clustersof
elements.First, the setof qualified(i.e., “belong-to”) elementanustbe determinedor eachcateyory. If
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Figurell: (a) A barelementb) a polygonalelement(c) anirregularelementand(d) a smooth-boundary
element.

Figure12: An imageandits polygonelementgshavn in blackandwhite).

two qualified elementsoverlap, the onewith the lower qualifying scoré€ is eliminatedfrom the category:

This procesds calledelement sifting. The sifting processeduceghe multi-level elementof theimageto

single-lerel elementsall belongingto thegivencateyory. Theelementsftersifting form anelemenpattern
in the2D plane.

Next, as shawvn in Figure 14, the Delaunaygraph of the elementpatternis constructed;his is the
neighboringgraphof the elementpattern.We thenapply clusteringalgorithmsto the neighboringgraphto
find theclusteran theelementattern.Here,theclusteringalgorithmis basedn the minimal spanningree
of theneighboringgraph.Briefly describediheprocesof clusteringoy minimal spanningreeis asfollows.
Let V bethevertex setof thegraphand D bethedistancehreshold.ThenV is groupednto disjoint setsby
joining all edgesn theminimal spanningreewhoselengths(or weights)arelessthanor equalto D. Each
setthusobtaineds saidto bea clusteratlevel D. Furtherbackgroundn patternprocessindy neighboring
graphscanbefoundin [1, 3]. Referencesn clusteringby minimal spanningreecanbefoundin [50, 8].

3.3 Rendering semantic regions

The processof renderingsemanticregions from a clusterof structuralelementsconsistsof three steps:
(1) element-connecting?2) hole-filling; and(3) boundary-smoothmn In thefirst step,all elementsn the

"For a given catagory, the qualifying scoreof anelementndicatesthe degreethatthe elementcanbe consideredqualified” to
belongto this cateyory. The procesf arriving ata qualifying scorewill be discussedater.
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Figure 13: An imageandits greenharshirregular elementgshavn in greenor dark green)aswell asits
horizontalbarelementgshavn in blackandwhite).

Figurel4: (a) An elemenfpattern,and(b) the neighboringgraphof the pattern.

clusterare connecteddy line sgmentsof lengthswithin a threshold. The secondstepinvolvesfilling all
holeswhich are smallerthana given areathreshold. Finally, the boundaryof the region is smoothedby
removing irregularanglesandbranchesThesestepsareillustratedin Figure15.

3.4 Qualifying scores

Qualifying scoreamustbe establishedor structuralelementsregions,andimages.The qualifying scoreof

astructuralelemenimeasureshe degreeto which theelemenis consideredo belongto a givencateyory of

elementsQualifying scoredor differentelementcateyoriesaredeterminedn differentways. Formulasfor

computingthe qualifying scoredor variousscenery-featurelementcateyorieswill be presentedn Section
4,

Similarly, the qualifying scoreof a region with a semantideaturemeasureshe degreethatthe region
manifestghis particularfeature.For aregion generatedrom acluster its qualifying scoreis determinedy

12
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Figure 15: (a) A clusterof structuralelements(b) elementconnecting(c) hole filling, and(d) boundary
smoothing.

the qualifying scoresof the elementsn the clusterandthe areaof the region. For example,a wave region
is renderedrom a clusterof horizontalbarelements Let theinputimagebe definedon the domain$2 and
R beawave region generatedrom aclusterS of horizontalbarelementsThe qualifying scorefor R with
respecto wave is definedas

YiesScore t) Area(R
Scoreyae(R) = tes - hbar (1) * AreaEQ;’
wave

whereScorepyq, (t) is thequalifying scorefor ¢ to beahorizontalbarelementanda,,qye is aparameteto
scalethequalifying score.Scorepyq, (t) is definedin the next section.

In contrast,sky andgroundregionsare not generatedrom clusters. As will be discussedn the next
sectionwewill assumehattheseregionsaresmooth.Coarseaegionsareidentifiedfirst; thesmoothregions
arethenthe complemenbf the coarseregions. The qualifying scoreof a smoothregion is determinecby
thesmoothness;olor, andareaof theregion. As with theharshnessf a structuralelementthe smoothness
of aregionis determinedy the areaandaltitudeof the structuralelementsntersectinghis region:

_ Area(R)
" YiemlementsetAltitude(t) * Area(Region(t) N R)’

Smoothness(R)

where ElementSet is the setof all structuralelementsof the input imageand Region(t) is the region
coveredby ¢. Thequalifying scorefor aregion R to beconsidereda sky region s definedas®

A
Scoresy(R) = SmooZ:;ass(R) * A:ZZEI;; * SkyColor Ratio(R),

8Region R shouldfirst be examinedto ascertairthatit satisfiesour assumptionsboutsky regions.
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whereay, is a parameteto scalethe qualifying scoreand SkyColor Ratio(R) is theratio of sky-colored
pixelsin R. ° Thequalifying scoresfor groundandplacid-waterregionsaredefinedsimilarly.

An input imagemay have several regionswhich manifesta specificfeature. The qualifying scorefor
theinputimagewith respecto this featureis definedasthe sumof qualifying scoresof theseregions. For
example let I betheinputimageand R, Ro, ..., R, bethetreeregionsfoundin thisimage.Thequalifying

scoreof I with respecto “tree” is
Scoreyee(I) = X7 Scoreyee(R;).

If aninputimagecontainsno regionswhich manifesta specificfeature,thenthe qualifying scorefor the
imagewith respecto thisfeatureis zero.

4 Casestudy of semantic features

The previous sectiondescribeda generalschemefor the extraction of semanticfeatures. In this section,
we will presentmethoddor definingthe catejoriesof structuralelementsandidentifying the regionswith
sceneryfeatures.

The following discussioris predicatediponsomesimpleassumptionsiboutthe colorsof sceneryfea-
tures.For example treesareassumedo be greenandwaterto be blue. More comprehensk color patterns
for scenenyffeaturescanbeintegratedinto our systemasis notthefocusof this paper

We will first briefly introduceour approactto color modeling.A pixel is agray pixel if noneof its red,
greenandblue componentss dominant;i.e.,

max(r, g, b) - min(n g, b) < Tg7 (1)

wherer, g, andb arethered, green,andblue component®f the pixel, respectiely, and 7 is a threshold.
A pixelisred, green, or blue if

r > max(g,b) + 7Y, g > max(r,b) + 79, or b > max(r,g) + 7Y, (2)
respectrely. A pixel is whiteif it is grayand
Bxr+10%g+b)/10>TY, (3)

where(3 x r + 10 x g + b)/10 is the brightnesf the pixel and7™ is athreshold.A regionis red (green,
blue, gray, or white) if the ratio of red (green,blue, gray or white) pixelsin theregion is greaterthanor
equalto athreshold.

®We assumethatthe sky color is eitherblue or gray (the color of clouds). Theseassumptionsvill be discussedn the next
section.
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We alsomale assumptiongboutthelocationof sky andgroundregionsin images.For aregion R in an
imagel, its locationis modeledby its top, bottom, left, andright positions?

TopPos(R) = min{y|3z,(z,y) € R}, 4)
BottomPos(R) = max{y|3z,(z,y) € R}, (5)
LeftPos(R) = min{z|3y,(z,y) € R}, (6)
RightPos(R) = max{z|3y, (z,y) € R}. 7)

Supposéghe domainof image! is {0,1,...,N — 1} x {0,1,..., M — 1}. We saythataregion R is in the

: ¢ TopPos(R)
lower partof theimageif —5—~~

f TopPos(R)
M

is greatetthanathresholdwe saythataregion occupiesanupperpart

of theimagei is lessthanathreshold.

4.1 Sky

Thesky is akind of background Without clouds,a sky region is a homogeneousegion consistingof blue
pixels. Dueto their physicalpropertiescloudsin animagetendto changesmoothlyatthe pixel level. From
alocations standpoint, thereis usuallyno otherobjectabore a sky region. To retrieve sky regions,we make
threesimpleassumptions:

e (sky.al)A sky regionis smooth;
e (sky.a2)A sky regionoccupiesanupperpartof theimage;and
¢ (sky.a3)Thecolor of sky regionsis eitherblue or the color of clouds.

For our currentimplementationywe assumehatthe color of cloudsis gray To find the sky regions,we
first identify the smoothregionsin theimage.The smoothregionsarethe complemenbf the harshregions,
which are characterizedy peaksand valleys in intensity Within the monotonictree, thesepeaksand
valleys aremodeledassmall structuralelementswith high altitudes. Thus, the harshregionsof theimage
aredetectedy clusteringthesesmall, high-altitudeelementsasdiscussedn thelastsection.ldentification
of the harshregionsautomaticallydistinguisheghe smoothregions,aswell. Thesesmoothregionsarethen
checledfor locationandcolorto find the sky regions.

4.2 Ground and placid water

We make threeassumptionaboutgroundregions:

¢ (ground.alA groundregionis smooth;

YHere,we assumehe monitor coordinatesystem:the z-axisis pointing right andthey-axisis pointing down.

15



¢ (ground.a2A groundregionisin thelower partof theimage;and

¢ (ground.a3)n agroundregion, structuralelementsaaremorehorizontalthanvertical.

Whenscenerymagesaretaken,thedirectionof the projectionis usuallyhorizontalor nearlyhorizontal.
Thus,asthenaturalscends projectedontotheimageplane,ground-leel structuresappeamorehorizontal

thanvertical,leadingto thethird assumptiorabore.

Let usfirst discussmethodsfor modelingthe horizontality of a structuralelement.For aregion X on
the squaregrid Z2? andsomez, € Z, we definethe heightof X at z, to be the numberof pixelsin the
intersectiorbetweenX andtheverticalline crossing(zg, 0). Formally,

Height(X,z) = [{(z0,y)|(z0,y) € X}, (8)

where| o | givesthe numberof elementsn a set. Similarly, we definethewidth of X aty, as

Width(X,yo) = [{(z,%0)[(z,y0) € X}|. (9)

Now we definethe horizontalandvertical ratiosof X to be

] ] Yyez(Width(X,y))?
H X) =,/ 2 10
orizontal Ratio(X) \/Eer(Height(X,w))T and (10)
Vertical Ratio(X) = 1 (11)
ericariratold) = Horizontal Ratio(X)

Forarectangle{0,1,....N — 1} x {0,1,..., M — 1}, its horizontalratio is % A structuralelements said
to be horizontal(or vertical),if the horizontal(or vertical) ratio of its coveredregionis greaterthana given
threshold.

As with the detectionof sky regions,the identificationof groundand placid-water regions startswith
findingthesmoothregionsin theimage.Then,for eachsmoothregion, we checkthevalidity of assumptions
(ground.a2)and (ground.a3). To test(ground.a3),we countthe horizontaland vertical elementsin the
smoothregion. The lastassumptiorholdsif the horizontalelementsexceedthe vertical elementsn the
region.

A groundregion identifiedby this methodcouldbelawn, snav, or othergroundsubtypesTheseregion
subtypesaredistinguisheddy color. For example,we assumeéhatlawn regionsaregreenandsnav regions

arewhite.

Identificationof placid-waterregionsis baseduponfour assumptionsThe first threearethe sameas
thoseusedfor groundidentification.In addition,we assumehatthe color of placidwateris blue.
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4.3 Wave

Smallwaterwavesarecharacterizetdy veryregularpatternsvhichappeaashorizontalbarsin ahorizontally-
projectedimage,suchasthatshavn in Figure 13. Breakingwaveshave complicatedstructures.However,
imageswith breakingvavesusuallycontainanareaof watersurfacewhich consistof parallelbarstructures,
asin theimageshavn in Figure16.

.’;'% . e .

Figure16: An exampleof animagewith breakingwavesandits annotation.

We definea wave region asa region consistingof horizontalbarelementsA baris characterizedby its
highlength-to-thicknssratio. For a 2D region X, we defineits lengthandthicknessas

Length(X) = Joax X =Y, (12)

Thickness(X) = min max (z—y)eov

13
miy M (13)

respectrely, where(xz — y) e v is theinner productof vectorsz — y andwv, and|| v || is thelengthof the
vectorv. We definethe barratio of aregion X as

. Length(X)
BarRatio(X) = ————F——. 14
ar Ratio(X) Thickness(X) (14)

This situationis illustratedin Figurel7. A structuralelementis consideredo be a bar elementf the bar
ratio of its coveredregion is higherthana giventhreshold.Thequalifying scoreof a structuralelemento be
ahorizontalbarelements definedasthe productof the barratio andhorizontalratio of its coveredregion:

Scoreppr (t) = BarRatio(Region(t)) x Horizontal Ratio( Region(t)). (15)

Wave regionsareidentifiedby clusteringhorizontalbarelementsn theimage.

thicléness BarRatio = length/thickness

length———

Figurel7: Thebarratio of anellipse.
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44 Greentree

A carefulexaminationof the treeregion in Figure 13 revealsthat the micro-structuresn the region are
veryirregular Basedon this obsenration,we assumehatatreeregionis aregion consistingof greenharsh
irregularelementsThetreeregionsin animagearefoundby clusteringthe greenharshirregular elements
in theimage.

Foraconnectedegion X, let Convex Hull Length(X) bethelengthof its corvex hull andLength(9X)
bethelengthof its boundary We definetheirregularity of X by

' Length(0X)
Irregularity(X) = ' :
rregularity(X) ConvexHull Length(X) -

Thequalifying scoreof astructuralelemento beatreeelemenis definedasthe productof its harshness
andtheirregularity of its coveredregion:

Scoreyreemiement(t) = Harshness(t) * Irregularity(Region(t)). a7)

4.5 Building

Theshape®f mostbuildingsarecharacterizethy theline sggmentghey contain.We assumehata building

regionin animageis aregion consistingof polygonalelements.To ascertairwhethera structuralelement
is polygonal,we first partition its boundaryinto line sgmentsand otherkinds of segments. A structural
elementis polygonalif its boundarymainly consistf line segments.Referencesn curve partitioningcan
befoundin [30, 31, 32].

Foraconnectedegion X, let Length(0X ) bethelengthof its boundaryandLengthO f LineSegments(X)
bethetotal lengthof theline segmentsdetectedn its boundary We definethe polygonratio of X by

. LengthO f LineSegments(X
PolygonRatio(X) = g Ifength ( (94’;() ( ) (18)

Thequalifying scoreof a structuralelemento bea polygonalelements definedasthe polygonratio of
its coveredregion.

5 Experiments

Comprehenske experimentswere conductedo demonstratehe effectivenessof the proposedapproach;
theseexperimentsemplo/edour SceneryAnalyzesystemt! First, performanceomparisonsisingCOREL
imagesweremadebetweerthe proposedapproactandsometraditional CBIR techniquesThesecompari-
sonmeasuredheprecision-recalfor eachsceneryfeature We thenconductedxperimentsausingPhotoDisc

HThesystemcanbeaccessedt http://monet.cseliffalo.edu:8888/.
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Feature sky | building | tree | wave | placid ground

water | lawn | snaw | other
COREL imageswith thefeature | 2369| 1920 | 1479| 161 | 882 | 298 | 68 659

PhotoDisc images with the feature | 455 156 382 6 219 57 59 261

Tablel: Breakdavn by scenenyfeaturesof imagesn CORELandPhotoDisadatabases.

imagedo verify thattheperformancef ourapproachs notsource-sensite. Finally, theproposedpproach
wasappliedto both COREL andPhotoDisdmagesto exploreits effectivenesswith differentcombinations
of scenenfeatures Examplesof someof theseimagesandtheir copiesannotatedy SceneryAnalyzeare

provided atthe endof this section.

5.1 Experiment setup

Two imagedatabasewereemplged in theseexperiments.The first imagedatabaseCOREL, consistsof
6,776color imagesfrom CD7 and CD8 of COREL Gallery 1,300,000. Thesephotosare storedin JPEG
formatandaresizedat either256 x 384 or 384 x 256. The COREL databaséncludesboth sceneryand
non-scenerymages.Thereare4,125scenerypicturestaken at globally diverselocations,alongwith 2,651
non-scenerymagescoveringawide varietyof subjectsjncludingfish, moleculesspacescenesinsectsand
othertopics. The secondmagedatabasePhotoDisc,consistsof 1,444imagesfrom PhotoDiscComping
Discs3 and4. Theseimagesfall into five catayories: (1) homesand gardens,(2) internationalsports,
(3) naturescenes(4) panoramiclandscapesand (5) people,lifestyles, and vacations. Table 1 shavs a

breakdavn of thesetwo imagedatabaseby sceneryfeatures.

For eachsceneryfeature the precision-recalbf SceneryAnalyzewascalculatedandplotted. Let RE-
TRIEVELIST bethelist of n imagesretrieved with a given feature,which is sorteddescendinglhby qual-
ifying scores. We calculatethe precisionandrecall for eachof the first g5, ?,,—g g—g .... , andn images
in RETRIEVELIST. The precisionandrecall figureswerethen plottedto demonstratéhe performanceof
SceneryAnalyzer

In Subsectiorb.2, performancewith the COREL databasevill be usedto compareSceneryAnalyzer
with the keyblock model [17], traditional color histogram[43], color coherentvector [27], and wavelet
(HaarandDaubechiespexturetechniqueg$37, 41]. All thesemethodsacceptonly querieshy example.The
proces®f selectingquerysetsandcalculatingtheprecision-recalfor thesemethodscanbeillustratedwith a
typital case wherethe sky featureis queriedusingthe keyblock approachThereare2,369CORELimages
with sky regions. Eachsky imageis usedasakeyblock queryonthe COREL databasethetop 100images
arethusdeterminedandthe numberof sky imagesin this retrieved setis counted.The 2,369sky images
arethensortedin descendingrderby the numberof sky imagesin their correspondingetrieved sets.The
sortedlist is denotedas KYLIST. Thefirst 5%, i.e., 118 of imagesfrom SKYLIST arethenselectecasthe
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guerysetanddenotedasQUERYSET. For eachCOREL imagel, we calculateits distanceto QUERYSET-
{I} usingthe keyblock approach.'? ** The COREL imagesarethensortedin ascendingorder by this
distance. The top 2,369 (i.e., the numberof imageswith sky) COREL imagesareretrieved. Using the
imagesretrieved by the keyblock model, we then calculateand plot the precision-recalbf the keyblock
modelfor the sky feature.

Subsectiorb.4 compareghe performanceof SceneryAnalyzewith the traditional CBIR techniques
on combinationsof sceneryfeatures. For this comparisonthesetechniquesare usedto retrieve the top
20 imageswhich have the specifiedcombinationof sceneryfeatures.Querysetsare selectedandimages
retrievedin themannerdescribedabove.

5.2 Comparison using COREL database

Experimentsvere conductedusing 6,776 COREL imagesto compareSceneryAnalyzewith the keyblock
approachl7], traditionalcolorhistograni43], colorcoherentector[27], andwavelet(HaarandDaubechies)
texturetechnique$37, 41]. Theprecision-recalbf thesaechniqguesvascomparedor six scenenyfeatures:
sky, building, tree,wave, ground,andplacidwater

The precision-recalbf eachmethodwascalculatedor eachsceneryfeaturelisted; theseresultsappear
in Figure 18. The five traditional CBIR methodsall performedpoorly with the wave feature. This can
be partially explainedby the small numberof wave imagesin the COREL databasewhich makesthese
methodseasily misidentify otherimagesaswave images. Furthermorethesemethodsdidn’t capturethe
structureof waves.

A comparisorof the graphsin Figure 18 shawvs that our methodoutperformsall the othersfor each
sceneryfeaturetype. To further clarify the comparisonwe calculatedhe averageprecision-recalbver all
six sceneryfeatures,which is shawvn in Figure 19(a). The averageprecision-recalbf the five traditional
methodssuffers particularly from their poor performancewith the wave feature,asdiscussedbore. To
excludethis effect, we alsocalculatecthe averageprecision-recalbver the five remainingsceneryfeature
types(sky, building, tree,ground,andplacidwater);thisis shavn in Figure19(b). Thesecomparisonsndi-
catethatour proposednethodprovidesmuchbetterprecision-recalbf sceneryfeatureghanthetraditional
techniques.

5.3 Experimentsusing PhotoDisc database

We alsoconductedexperimentson 1,444PhotoDisamages.The performancef SceneryAnalyzewith this
PhotoDisadatabasés shavn in Figure20(a)and(b). Sincethe PhotoDisadatabaséncludedonly 6 images

12Thedistancerom animageto a setof imagess the shortestdistancerom thisimageto theimagesin the set.
BIf we retrieve by the distancef imagesto QUERYSET, the imagesin QUERYSET will have distancezero. Thusthe query
imageswill automaticallyberetrievedasthetop 5% imageswhich providesanunfair comparison.
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Figure 18: Performancef (a) SceneryAnalyzenb) keyblock model, (c) color coherentvector (d) color
histogram(e) Daubechiesvavelet,and(f) Haarwaveletwith CORELimages.
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Figure19: (a) Averageprecision-recalfor six features:ssky, building, tree,wave, ground,andplacidwater;
(b) averageprecision-recalfor five featuressky, building, tree,ground,andplacidwater

with waves, a precision-recallcurve could not be plotedfor the wave feature. Thus, Figure 20(a) shavs
only five precision-recalcurves. It's worth noting, however, that whenqueriedfor wave imageson this
databaseSceneryAnalyzeretrieved threeimagesall with waves. Therefore the precisionof thesequeries
was 100%, with a 50% recall. As a comparisonthe performanceof SceneryAnalyzewith the COREL
databasés shavn in Figure20(c)and(d). Theseexperimentsshav that SceneryAnalyzeworkseffectively
with both COREL andPhotoDisamages.

With boththe COREL andPhotoDisadatabaseshe performancef SceneryAnalyzeis relatively poor
with respecto snawv subtypeof ground.In ourimplementationye have assumedhatthegroundis smooth
andthe snav groundis white. However, the snov groundin naturalimagesmay not be smoothandmay
varyin color. In addition,mary otherobjectsin naturalimagesappeato bewhite andsmooth.Thesefactors
negatively impactthe performancevith respecto snav ground.

5.4 Experimentson combinations of scenery features

Experimentswere conductedto demonstratéhe effectivenessof SceneryAnalyzewith combinationsof
sceneryfeatures.The experimentsnvolved all theimagesn the CORELandPhotoDisadatabasesThetop
20 imagesfor eachcombinationof sceneryfeatureswereretrieved andthe precisionandrecall calculated;
resultsaregivenin Table2. In this table,for eachcombinationof sceneryfeatures F denoteshe setof
imageswith the stipulatedfeaturesand R denoteshe setof imagesretrieved. For a set X,

X| denotes
thenumberof elementsn X. As a comparisonthe performancef thefive traditional CBIR techniquess

givenin Table 3, wherethe keyblock modelis abbreiated askb, the color histogramtechniqueasch, the

color coherentvectorasccy, the Daubechiesgexture techniqueasdaub,andthe Haartexture techniqueas

haar
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Figure 20: (a) Performanceof SceneryAnalyzeusing PhotoDiscdatabasevith respectto sky, building,
tree,placidwater andground;(b) performancef SceneryAnalyzeusingPhotoDiscdatabasevith respect
to snaw, lawn, andothersubtypesf ground; (c) Performancef SceneryAnalyzeusing COREL database
with respecto sky, building, tree,wave, placidwatetr andground;and(d) performancef SceneryAnalyzer
usingCOREL databasevith respecto snav, lawn, andothersubtypeof ground.

Table2 demonstratethatthe SceneryAnalyzesystemis effective for the featurecombinationdisted.
In contrast,Table3 shavs thattraditionalCBIR techniquesrenot satisactorywhenhandlingcombinations
of semantideatures SceneryAnalyzethusprovidesa new, semantics-baseapproacho handlequeriesfor
images.

Figures21 and22 provide sampleémagesandtheir copiesasannotatedy SceneryAnalyzer
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sky | sky tree tree sky sky sky tree sky
features tree | wave | building | ground| building | tree tree | water| snaw
lawn | ground| building
lawn
|F| 987 | 92 571 458 100 262 43 363 78
IR| 20 20 20 20 20 20 5 20 20
IFOR| 17 17 18 18 18 18 5 11 8
precision | 85% | 85% | 90% 90% 90% 90% 100% | 55% | 40%
recall 1.7%| 18% | 3.1% 3.9% 18% 6.9% 12% 3% | 10%
Table2: Performancef SceneryAnalyzeon combinationf features.
sky | sky tree tree sky sky sky tree sky
features tree | wave | building | ground| building | tree tree | water| snaw
lawn | ground| building
lawn

\ |F| \ 987 \ 92 571 \ 458 100 \ 262 \ 43 \ 363 78
|Rkb| 20 20 20 20 20 20 20 20 20
|F (M Rgs| 7 5 8 3 5 3 0 3 1
precision 35% | 25% | 40% 15% 25% 15% 0% 15% 5%
recall 0.7% | 5.4% | 1.4% 0.7% 5% 1.1% 0% 0.8% | 1.3%
|Reh| 20 20 20 20 20 20 20 20 20
|FN Renl 10 2 4 1 3 2 1 5 5
precision 50% | 10% | 20% 5% 15% 10% 5% 25% | 25%
recall 1% | 2.2%| 0.7% 0.2% 3% 0.8% 2.3% | 1.4% | 6.4%
IR e 20 20 20 20 20 20 20 20 20
IFN Reeo| 10 1 8 5 0 2 0 7 0
precision 50% | 5% 40% 25% 0% 10% 0% 35% 0%
recall 1% | 1.1%| 1.4% 1.1% 0% 0.8% 0% 1.9% | 0%
IR daub| 20 20 20 20 20 20 20 20 20
|F (N Rdaus| 7 1 1 2 3 1 1 3 1
precision 35% | 5% 5% 10% 15% 5% 5% 15% 5%
recall 0.7% | 1.1%| 0.2% 0.4% 3% 0.4% 2.3% | 0.8% | 1.3%
IR haar| 20 20 20 20 20 20 20 20 20
|F M Rhaar| 7 3 5 2 1 2 1 7 1
precision 35% | 15% | 25% 10% 5% 10% 5% 35% 5%
recall 0.7% | 3.3%| 0.9% 0.4% 1% 0.8% 23% | 1.9% | 1.3%

Table3: Performancef thefive traditional CBIR technique®n combination®of features.
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Figure21: Someexamplesof scenernjimagesandtheir annotateatopies.
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Figure22: Someexamplesof scenernjimagesandtheir annotateatopies.
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6 Conclusion and discussion

In this paper we introducedthe conceptof the monotonictree as a meansto model high-level scenery
features. Basedon the monotonictree representationprimitive elementsof low-level featuressuchas

color, shape,and spatiallocation can be easily identified, clustered,and combinedto form semantically
meaningfulregions (or features)for images. Thus, imagescan be automaticallyannotatedvith catejory

keywords,including sky, building, tree,wave, lawn, water snav, andground. With this annotation high-

level (semantics-basedjueryingandbrowsing of imagescanbe supported.

We madesimpleassumptionaboutthecolor, location,harshnesgndshapeof scenerfeatures Despite
thesesimple assumptionsthe proposedmethodachiered betterresults(as measuredy precision-recall)
thantraditionalCBIR techniquesTheseassumptionembodythe domainknowledgeaboutscenerymages.
If we combinethe monotonictreemodelwith morecomplex domainknowledge,theaccurag of thesystem
in extractingsemantideaturescanbeincreased.

Thereducedmonotonictreecapturenly thetopologicalstructureof the monotoniclinesin animage.
We mayfurtherdefineadifferential slope anddifferential monotonic tree to capturedifferentialinformation.
A differential slopemay be definedasa sequencef monotoniclines wherethe gradientis smooth. The
differentialmonotonictree constructedrom theseslopeswill be capableof incorporatinggeneraldomain
knowledge.Thus,we mayusethedifferentialmonotonictreefor generalsemanticextraction.

In future work, we intendto extendthe proposedapproacho catejoriesotherthanscenernjimages. It
may be cumbersoméo provide a hand-craftedtratgy for theidentificationof structuralelementdor each
semanticfeature. It will thereforebe necessaryor usto usemachine-learningechniquedo assistin the
procesof identifying structuralelementdor generalsemantideatures.
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